Array comparative genomic hybridization (aCGH) provides a technique to survey the human genome for chromosomal aberrations in disease. The identification of genomic regions with aberrations may clarify the initiation and progression of cancer, improve diagnostic and prognostic accuracy, and guide therapy. The analysis of variance (ANOVA) model is widely used to detect differentially expressed genes after accounting for common sources of variation in microarray analysis. In this study, we propose a method, shifted ANOVA, to detect significantly altered regions. This method, based on the standard ANOVA, analyzes changes in copy number variation for regions. The selected regions have the group effect only, but no effect within samples and no interactive effects. The performance of the proposed method is evaluated from the homogeneity and classification accuracies of the selected regions. Shifted ANOVA may identify new candidate genes neighboring known because it detects significantly altered chromosomal regions, rather than independent probes.
Introduction
Chromosomal aberrations such as deletions, amplifications, and structural rearrangements are hallmarks of cancer [1] [2] [3] . The identification of genomic regions with systematic aberrations may therefore clarify the initiation and progression of cancer, improve diagnostic and prognostic accuracy, and suggest new strategies for treatment [4] . To understand genome-wide genetic aberrations, CGH (comparative genomic hybridization) and array technology may be used in combination as aCGH (array comparative genomic hybridization). Since aCGH data includes high throughput genetic information, this data requires a different analytical strategy than conventional microarray data. While microarray analysis identifies specific genes, aCGH analysis segments the sequence of log ratios along the chromosome into regions of amplification, deletion, or no change [5] . Studies to develop this analysis have focused on smoothing the copy number variations (CNV) throughout the whole genome [3, 4, [6] [7] [8] [9] [10] [11] [12] , where CNV was defined as a duplication or deletion event involving N1 kb of DNA [13] .
Most of these methods have treated the log ratios in terms of their discretized values, and the array CGH data analysis has therefore been dependent on discretization of measurement data to a gain, loss, or no-change state. However, valuable biological information can be lost when a heterogeneous system such as a solid tumor is simplified to these discretized states. Klijn et al. therefore developed a method based on kernel regression, which uses undiscretized aCGH data, to identify regions that are significantly aberrant across the entire sample set [14] . Stjernqvist et al. described a continuous hidden Markov model (HMM) for array CGH data, as well as a Monte Carlo EM (expectation maximization) algorithm to estimate its parameter. They showed that the continuous HMM model performs better than the discrete-index HMM [15] . The previous studies usually focused on the individual experimental group and detected significant regions by comparing CNV patterns among different experimental groups, or the relative CNV. Therefore, they did not consider differences between whole samples within the different experimental groups.
The ANOVA model is commonly used to detect differentially expressed genes in a microarray experiment, after accounting for the usual sources of variation. To select significant genes, the conventional ANOVA model considers each gene in a microarray data independently [16] . We therefore propose a modified version of general ANOVA, shifted ANOVA, to detect significant regions, considering different experimental groups and region size concurrently in the Contents lists available at ScienceDirect Genomics j o u r n a l h o m e p a g e : w w w. e l s e v i e r. c o m / l o c a t e / y g e n o aCGH analysis. The method we propose can identify significant regions and classify different experimental groups with improved accuracy.
Results
We applied shifted ANOVA to whole chromosomes with a region size of 30 and selected 11 significant regions that distinguished the different experimental groups. We used 30 as region size because the average distance from probe to probe was 12,674 bp in the 230 k chip used for this study and the maximum distance between the 30 probes was 380 kb. Base on previous information obtained from DGV (Database of Genomic Variants), 380 kb could be an appropriate size for considering the probe set as CNV.
We found no significant differences between samples or any interaction between group and patient in the selected regions. The Bonferroni correction was used to correct for multiple comparisons.
We used 100 randomly selected neighboring probe sets with the same region size to compare with regions selected by the proposed method. Fig. 1 shows that F-values obtained with the proposed method were much larger than those for randomly selected regions.
This implies that the proposed method selects the much more distinguishable probe sets. We also applied the t-test to the probes independently on the whole chromosome and compared F-statistics and p-values for the shifted ANOVA and independent t-test, respectively. Fig. 2 shows the distributions of these two values on chromosome 5, as a representative chromosome, for a clear illustration. The chromosome 5 includes 13,357 probes of the total 230,792 probes. We could confirm that the t-test did not detect any specific region (Fig. 2B ) since the significant probes spread independently on chromosome 5. However, the proposed method detected a significant region because it had high contiguous F-values ( Fig. 2A) . In this case, we used 30 as region size. Using a smaller region size, more regions can be detected. Use of the conservative Bonferroni correction may also exclude detection of some regions.
Homogeneity of regions selected by the proposed method
We measured the maximum number of replications and the number of kinds of genes within the selected region. These values were compared with corresponding values from the randomly selected regions. For comparisons of these metrics, we used 100 randomly selected regions of the same size on chromosome 5, which includes 13,357 probes. And we also compared the proposed method with the previously developed methods by Hupe et al. (GLAD) [3] and Venkatraman et al. (DNAcopy) [12] .
We found significant differences in the maximum number of replications (p = 0.015) and the number of kinds of genes (p = 0.0004) between the proposed and random methods. Fig. 3 shows that the probe sets belonging to regions selected by the proposed method are strongly homogeneous. For a region size of 30, the maximum replications were 22-23 and 13-14 in the proposed and random methods, respectively. The numbers of kinds of genes were about 5 and 15 using the proposed and random methods, respectively. For a region size of 100, we obtained 85 as the maximum number of replications using the proposed method. This implies that each of 85 probes identified a gene sequence in the region, and that each gene identified is strongly associated with that region.
We found highly significant differences in the number of replications (p = 0.0322) and the number of kind of genes (p = 0.00149) between the proposed and random methods. Fig. 4 shows the strong homogeneity within regions selected by the proposed method. For a region size of 30, the maximum replications were 22-23 and 15-16 in regions selected by the proposed and random methods, respectively. The numbers of kinds of genes were 7-8 and 17-18 in the proposed and random methods, respectively. When the region size was 100, the proposed method found a maximum number of 110 replications. In this case, the extended region size was 134.
Significant regions selected by the proposed method may overlap because the shifted ANOVA was applied to regions of size k using the probes one by one. When this occurred, we combined the overlapped regions and extended the region size. The values on the vertical axes in Fig. 4 are therefore larger as compared to those in Fig. 3 .
From the data in Figs. 3 and 4, we confirmed that the regions selected by the proposed method were more homogeneous than those selected by the other methods, and we expected that these homogeneous regions could distinguish the different experimental groups more accurately than the set of significant probes independently selected from aCGH data. We therefore compared OOB error rates in classification using the selected regions.
Comparison of classification accuracies using OOB error rates
We explored the mean CNV patterns of regions detected by the proposed method and randomly selected regions (Fig. 5) .
Data in Fig. 5 show that the CNV patterns in regions selected by the proposed method clearly discriminated between experimental groups (Fig. 5A) , and there were no clear distinctions between the randomly selected regions (Fig. 5B) . We can expect that the regions selected by the proposed method will discriminate more accurately between the different experimental groups. The significantly discriminative regions were located on chromosomes 3, 5, 7, 8, and 18. The aCGH profiles of chromosome 3 and 18 are shown in Fig. 6 , and the circle indicates the regions selected by the proposed method.
The profiles of chromosome 3 and 18 were created using Agilent CGH analytical software (Agilent Technologies). The selected regions on chromosome 3 showed highly expressed patterns and those on chromosome 18 were already reported as CNV regions in the human genome (http://projects.tcag.ca/variation/, Human genome assembly build 36-hg18 version).
We used the RF (random forest) test to evaluate the classification accuracy of the proposed method.
For comparisons of discriminative accuracy, we used mean values of selected regions by four different methods including the proposed method. We calculated OOB error rates using the different sizes of CNV patterns, which ranged from 2 to 10. To explore the distribution of OOB error rates in random method, we used 100 repeatedly extracted regions for each size. Fig. 7 shows the distributions of OOB error rates derived from the four methods, and OOB error rates were significantly different between the proposed and random methods (p b 10e−16), regardless of the size. The OOB error rates of the proposed method were also significantly lower than the other previously developed methods. The dispersion of OOB error rates was much narrower for the proposed method. This showed that Fig. 3 . Comparison of (A) the maximum number of replications and (B) the number of kinds of genes within the selected region based on the selection method. The region size ranged from 10 to 100. GLAD and DNAcopy are methods by Hupe et al. [3] and Venkatraman et al. [12] . regions selected by the proposed method achieved higher classification accuracies.
Discussion
The main objective in aCGH analysis is to segment the sequence of log ratios along the chromosome into regions of amplification, deletion, or no change [5] . Studies in this field have strived, overall, to smooth copy number variations through the whole genome. For this purpose, breakpoint detection methods based on adaptive weights smoothing (AWS) [3] and penalized quantile regression [7] were developed. These can detect local as well as broad changes on a chromosome using the L1-norm as the penalty term [7] . These methods usually focused on the individual experimental group and detected significant regions by comparing CNV patterns among different experimental groups to determine the relative CNV. They did not consider whole values of all samples included in the different experimental groups.
For the segmentation process, algorithms based on wavelet decomposition [6] and the faster CBS (circular binary segmentation) were introduced. The latter method divides the genome into regions of equal copy number using a stopping rule [12] and thereby reduces the execution time, a significant disadvantage in the CBS method. This method uses the t-test to compare one region with another. Meanwhile, Huang et al. proposed a smooth segmentation procedure based on an iterative, weighted least squares algorithm with bandlimited matrix inversion [8] . They showed that the use of segmented data improves the performance of testing and classification, especially of segmented t-statistics. Other studies showed that correlations between neighboring genomic intervals should be considered in the structural analysis of aCGH data sets [9] , and that neighboring probes correlated with each other [17] . This indicated that the significant region would be a more reliable marker for classification of experimental groups, with correlated neighboring probes included in the analysis.
In many aCGH studies, we want not only to know the copy number variation in an experimental group but also to compare groups of samples, i.e., to determine whether there is a consistent change across the different experimental groups. Therefore, the method of analysis we propose considers regions to detect significant genetic variations in the comparison of different experimental groups.
The ANOVA model is widely used to detect differentially expressed genes after accounting for the usual sources of variation in the microarray analysis. The conservative ANOVA model analyzes the genes in a microarray data set independently to detect significant genes [16] . The proposed method, shifted ANOVA, extends the conservative model to neighboring genomic intervals, or regions, to detect significant regions from array CGH data. Using non-discretized aCGH data to identify regions significantly altered across the sample groups, shifted ANOVA preserves the information lost in using discretized values. Because the proposed method is based on ANOVA, variations within samples are minimized, while variations between groups are maximized. The CNV patterns of the selected regions can therefore be clearly distinguished across the sample groups.
We tested the performance of the proposed method using a colorectal cancer data set and defined two new metrics and OOB error rates. The significant regions selected by the proposed method were strongly homogeneous, and high classification accuracies were achieved with these regions.
In conclusion, shifted ANOVA may have the power to identify new candidate disease-related genes neighboring known genes because this method detects significant chromosomal regions rather than independent probes. The candidate genes could be further analyzed based on known functions and plausible links to carcinogenesis.
Methods and materials

Data set
This study used surgically excised 12 normal colorectal mucosa and 12 peripheral blood mononuclear cells from colorectal cancer patients. In the aCGH experimental process, we used 60-mer oligonucleotide arrays, synthesized in situ (designed and produced by Agilent Technologies, Santa Clara, CA), with 230 k probes. For reference samples, we used human genomic (male/female) DNA (Promega Corporation, Madison, WI). All array hybridization was performed by Agilent's recommended protocol.
Shifted ANOVA model
We extended the conventional ANOVA model to detect significant regions on whole chromosomes in array CGH data and therefore arranged the data set in the form of Fig. 8A . We describe this method as a 'shifted ANOVA' model because it applies ANOVA while shifting probe by probe through the whole genome. The ANOVA model accounting for the effects of the experimental groups (G, blood and tissue in our data set) and samples (S, 12 patients in our data set) is given by the following equation:
i = 1; 2; N ; n j = 1; 2; N ; m k = 1; 2; N ; r Formula (1) is a linear model of CNV in replicates k at level i of factor G and level j of factor S (the factors G and S in this study have n and m levels, respectively). The grand mean CNV of the probe is μ, and the term ɛ is assumed to be a normal random variable with mean zero and standard deviation σ for all measurements. The CNV can therefore be influenced by main effects due to G and S, and by interactions between them (G·S). Parameters for this model are fitted to the data for one region, which includes r probes. The effects of G, S, and (G·S) for a specific region are tested statistically, yielding three F-statistics and their corresponding p-values. Note that if a region shows interaction (G·S) or S effects, the G effects for that region are no longer straightforward to interpret.
Significant region detection
For detection of significant chromosomal regions, we applied shifted ANOVA to array CGH data with region size r. The F-statistic for the model and p-values for main effects and interactions were calculated for each region. Finally, the regions with significance in the group effect (G) only were detected as significant. The region size, r (replications in the ANOVA model), can be controlled by the researcher.
Integration of selected regions with duplicated areas
Since ANOVA is applied to whole chromosomes through shifting probe by probe, the selected significant regions can be partially duplicated as shown in Fig. 8B . In this case, we integrated such regions and extended the region size.
Evaluation of the proposed method
We assumed that the homogeneity within the selected region would be stronger than homogeneity within randomly selected regions, if the proposed method is effective. To evaluate the effectiveness of the proposed method, we defined two metrics: the maximum number of replications and the number of genes in the selected region. We then compared the homogeneities in regions selected by shifted ANOVA with those in regions selected by random and previously developed method. We used 100 resampled regions for each region size for random method.
Maximum number of replications within the selected region. A selected region may include one or more genes, with each gene sequence partially represented on each of several probes. Homogeneity is interpreted as strong in the sense that the informational content [nucleotide sequence] of a gene occupies a large part of the region. Therefore, the larger this metric is, the more homogeneous the selected region is. r i is the replications of i th gene.
max r 1 ; r 2 ; N r p n o
Number of genes within the selected region.
Considering that a selected region may contain one or more genes, the homogeneity would increase as the number of genes decreases. Therefore, the smaller this metric is, the more homogeneous the selected region is. If the selected region is filled by the sequence of a single gene, that region is perfectly homogeneous.
# kind of genes f g Classification accuracy. In addition to the two metrics above, we compared F-statistics and OOB (out of bag) error rates between Fig. 7 . Comparison of OOB error rates in regions selected by four different methods. The vertical and horizontal axes represent OOB error rates and the number of regions used for classification, respectively. GLAD and DNAcopy are methods by Hupe et al. [3] and Venkatraman et al. [12] . regions selected by the proposed method and randomly selected regions. We calculated OOB error rates with the random forest (RF) test using the RF program included in the R package (http://www. r-project.org).
